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Maastricht UniversityGeneralization on the basis of prior experience is a central
feature of human and nonhuman behavior, and anomalies
in generalization can give rise to a wide array of problems.
For instance, elevated levels of generalization have been
shown in individuals suffering from an anxiety disorder.
Identifying the individual difference variables that influence
the extent to which behavior generalizes to novel stimuli
may help our understanding of generalization and its
potential maladaptive consequences. In this study, we first
present an index of generalization that captures individual
differences in generalization in a single continuous measure,
thereby surpassing problems associated with traditional
analyzing techniques. Further, we investigate whether
generalization is predicted by working memory capacity.
More precisely, it is hypothesized that generalization is a
function of individual differences in the capacity to compare1 Equal contribution.
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Published by Elsevier Ltd. All rights reserved.the current situation with previous learning experiences in
working memory, and to adjust subsequent behavior
accordingly. In a community sample, we found higher levels
of generalization in individuals who were less efficient at
filtering out irrelevant information from access to working
memory. These results suggest that working memory
impairments may contribute to elevated and potentially
maladaptive levels of generalization.
Keywords: generalization; generalization index; individual
differences; working memory
GENERALIZATION ON THE BASIS OF PRIOR EXPERIENCE is a
central feature of human and nonhuman behavior.
It refers to the observation that learning about one
stimulus or situation typically results in a tendency
to respond to similar stimuli or situations in a
similar way. For instance, feeling nauseated after
eating a food item well past the expiration date may
fuel the avoidance of other gone off food items in
the future. Likewise, becoming a victim of a
robbery in a dark alley may lead the victim to
circumvent other alleys in different places.
Although this behavior is usually highly adaptive,
anomalies in generalization can give rise to a wide
array of problems. A failure to generalize after an
aversive experience can result in recurring aversive
experiences in the future (e.g., when eating another
spoiled food item). In contrast, generalization
131general i zat ion and work ing memorycan also become detrimental when it occurs too
excessively. If a robbery victim starts avoiding not
only other dark alleys, but all public places, daily
functioning in social and professional contexts is
compromised. In support of the importance of
generalization, a growing amount of research
highlights its involvement in a number of psycho-
logical and health problems. More precisely,
elevated levels of generalization have been demon-
strated in individuals suffering from anxiety disor-
ders, including panic disorder, generalized anxiety
disorder, and posttraumatic stress disorder (Lissek
et al., 2010; Lissek et al., 2014; Lissek & Grillon,
2012), as well as in patients with chronic pain
disorder (Meulders, Jans, & Vlaeyen, 2015).
The present study has a twofold aim. First, we
will present an index that captures individual
differences in generalization in a single continuous
measure. Second, understanding generalization and
its potential maladaptive consequences requires the
identification of individual difference variables that
influence the extent to which behavior expands to
novel stimuli and situations. In this study, we will
investigate whether generalization is associated
with working memory in a community sample.
The first aim of this study, presenting an index of
generalization, stems from a methodological prob-
lem associated with research on generalization. In
most generalization studies, generalization is
assessed by measuring responses to a set of test
stimuli (GSs) and data are represented in the form
of a response or generalization gradient (Ghirlanda
& Enquist, 2003). Generalization gradients allow
quick visual inspection of the data pattern, but they
do not provide a quantitative index that expresses
the extent of generalization over repeated measure-
ments. As a consequence, statistical analyses in
generalization studies have traditionally been lim-
ited to analysis of variance (ANOVA) for repeated
measures. However, this analysis strategy comes
with several limitations (Vanbrabant et al., 2015).
For instance, if the extent of generalization is the
dependent variable and the variable of interest is
continuous in nature (e.g., working memory
capacity), repeated measures ANOVA requires
creating categorical factors and subsequently
comparing groups (e.g., by differentiating individ-
uals high and low in working memory capacity
based on a median-split procedure), which can
create bias and omits a sizable amount of the
variance present in the data (Taylor & Yu, 2002).
Although solutions to this problem have recently
been proposed (i.e., multilevel analysis; Gazendam
et al., 2014; Vanbrabant et al., 2015), we present
another, straightforward way of dealing with the
repeated nature of generalization data by deriving asingle—a priori chosen—quantitative summary
measure of generalization. Borrowing from older
studies on generalization (for a review, see Honig&
Urcuioli, 1981) and the domain of endocrinological
research that deals with repeated data as well (e.g.,
repeated measurements of cortisol levels through-
out the day; Fekedulegn et al., 2007; Pruesnner,
Kirschbaum, Meinlschmid, & Hellhammer, 2003),
we propose an index that takes into account
responding to all generalization stimuli. In short,
we will discuss the area under the curve, correcting
for response strength to the S+. Importantly, this
index will allow us and other researchers to in-
vestigate generalization in relation to other vari-
ables of interest in a continuous manner, thereby
surpassing the problems associated with traditional
analyzing techniques.
The second aim of this study is to investigate
generalization in relation to working memory
capacity. Working memory refers to a limited
capacity system that provides the temporary storage
and manipulation of information that is necessary
for performing a wide range of complex tasks
(Baddeley, 2012). In recent years, the role ofworking
memory and other cognitive processes has been a
topic of debate in the literature on learning and
conditioning. A central question is whether the
learning of associations between events requires
some degree of cognitive processing or rather occurs
unconsciously and automatically (Mitchell, De
Houwer, & Lovibond, 2009). This has also been
discussed in relation to generalization specifically,
in that discrimination and generalization may be
based—in part—on inductive reasoning judgments
and the derivation of rules from episodic or working
memory (Livesey & McLaren, 2009). Further,
experimental evidence indicates that installing a
dual task load that overburdens working memory
capacity affects several learning phenomena, such as
extinction learning (Raes, De Raedt, Verschuere, De
Houwer, 2009), blocking (De Houwer & Beckers,
2003), and generalization in a patterning task (Wills,
Graham, Koh, McLAren, & Rolland, 2011). Up to
this point, however, it remains unclear whether
preexisting individual differences in working mem-
ory capacity are associated with generalization.
Here, it is hypothesized that the extent of generali-
zation is a function of individual differences in the
capacity to compare the current situation with
previous learning experiences retrieved from memo-
ry, and to adjust subsequent behavior accordingly
(e.g., engage or inhibit a previously learned re-
sponse). If workingmemory capacity is limited, there
are less opportunities for storage of relevant stimulus
features, leading to less discrimination between
stimuli and, hence, more generalization. We predict
132 l enaert e t al .that individuals characterizedby a limited capacity to
retain and process information in working memory
will show higher levels of generalization.
It is well known that working memory capacity to
retain items actively in mind is limited to only a
relatively small number of items (Baddeley, 2012;
Cowan, 2001). Increasing the number of to-be
remembered items results in impaired subsequent
recognition or recall of memorized items. Thus,
successful retention of items in a capacity-limited
system requires that irrelevant information is pre-
vented from entering working memory and occupy-
ing resources. It has been shown that individuals
differ in their efficiency in inhibiting or filtering
irrelevant information from working memory (Kane
& Engle, 2003; Vogel, McCollough, &Machizawa,
2005; Zanto & Gazzaley, 2009), which in turn may
affect working memory capacity and the successful
retention of relevant information in memory.
In the present study, generalization is investigated
in a contingency learning procedure. Human
contingency learning procedures are an often used
and thoroughly explored method for examining
learning phenomena (De Houwer & Beckers,
2002). With respect to generalization specifically,
the contingency learning task we used has previ-
ously evidenced the capacity to elicit generalization
in humans and to reveal individual differences in
generalization as a function of (long-term autobio-
graphical) memory (Lenaert et al., 2012). In this
task, one picture of a female face (S+) is followed by
a neutral outcome, whereas another picture of a
female face (S-) is never followed by the outcome,
and participants are requested to identify the
predictive relations between the pictures and the
outcome. Subsequently, generalization is assessed
by presenting a number of pictures (generalization
stimuli, GS) sharing features of both the S+ and the
S- to a greater or lesser extent. Specialized face
morphing software was used to create a continuum
of perceptual similarity between the S+ and the S-.
Generalization occurs when these GSs elicit a
learned response, although they were never paired
with the outcome before. To investigate whether
individual differences in working memory are
associated with generalization, we employed a
visuospatial working memory (VSWM) task that
has been used in various forms in previous studies
(Vogel, Woodman, & Luck, 2001; Vogel et al.,
2005). In this change detection task, a number of
target items (e.g., squares) are presented for a brief
period of time along with a number of distracter
items (e.g., rectangles) that are to be ignored. At
test, a single target item is presented and partici-
pants have to indicate whether any change occurred
(e.g., in color, location, or orientation). Taskperformance has shown to be a direct function of
the number of presented target and distracter items,
but also varies substantially across individuals. For
instance, individuals differ both in the number of
items that they can correctly retain in memory, as
well as in their efficiency at keeping irrelevant in-
formation (i.e., distracter items) from being stored
in memory (i.e., "filtering cost"; Spronk, Vogel, &
Jonkman, 2012; Vogel et al., 2005). In support of
the validity of the VSWM task, research using this
task has evidenced a direct relationship between
working memory capacity and neural activity
(measured by recording event-related potentials;
Vogel & Machizawa, 2004), and has revealed
performance deficits in adolescents relative to
adults, demonstrating the capacity of this task to
identify developmental differences in working
memory (Spronk et al., 2012).
In sum, in the present study we present an index of
generalization to quantify individual differences in
generalization in a single continuous measure. Fur-
ther, we aim to investigate whether individual dif-
ferences in working memory capacity predict
generalization based on prior experience. Given the
adaptive function of generalization, and its potentially
negative consequences, identifying the variables that
can influence generalization may improve our under-
standing of this elementary learning phenomenon.
Method
participants
We recruited 25 participants (16 females) from the
community. Their mean age was 25.6 (SD = 9.7),
and 21 participants were right-handed. Participa-
tion was awarded by financial compensation of
10 Euro. All participants gave written informed
consent before participating in the study. The study
was approved by the local Ethical Committee of
the Faculty of Psychology and Neuroscience,
Maastricht University (Netherlands).
materials
Visual stimuli of the experiments were shown on a
laptop-controlled (running Windows 7 operating
system) computer screen (refresh rate = 60Hz, 34° x
27° visual angle), which participants viewed at a
distance of approximately 57 cm. In the contingency
learning task that included a generalization test,
stimuli were presented on a black background in the
center of the computer screen (43.2 cm). The task
was programmed with Affect 4.0 software (Spruyt,
Clarysse, Vansteenwegen, Baeyens, & Hermans,
2010). The S+ and S- were pictures of neutral
human female faces (DeBruine, 2005). For half of the
participants, one picture of a female face served as
S+, whereas the other picture served as S-. For the
FIGURE 1 The S+, the S-, and the 6 generalization stimuli (GS) of the contingency learning task. For
half of participants, the S+, the S- and the corresponding GSs were reversed.
133general i zat ion and work ing memoryother participants, this was reversed. The pictures
spanned appr. 9.5° wide and 12.7° high. The
generalization stimuliwere obtainedby transforming
the S+ into the S- in six gradual steps using
specialized software, resulting in six generalization
stimuli that resembled the S+ (S-) to a greater or lesser
extent (Figure 1). A drawing of awhite lightning bolt,
which measured 4.5° by 2.8°, served as the outcome.
The experimental trials consisted of the presentation
of a picture of a female face (S+, S- orGS), whichwas
immediately followed by the outcome only after S+
presentations (Figure 2). The lightning bolt was
presented for 1500ms. The intertrial interval was set
to 3000 ms.Time
FIGURE 2 Example of the experimental trial se
contingency learning task.In the VSWM task, colored squares (0.65° x
0.65°) or rectangles (0.5° x 1.65°) were presented
on both the right and the left half of the computer
screen within a square region of 24° centered on a
fixation cross (after Vogel & Machizawa, 2005;
Spronk et al., 2012). This task was programmed in
EventIDE (www.okazolab.com). On each trial, the
positions of the items were randomly distributed
within upper and lower quadrants of the screen
with the constraint that the items could not touch or
overlap. The color of the squares and rectangles
varied randomly across trials between seven colors
(red, green, blue, yellow, purple, black, white). All
stimuli were presented on a grey background. ThereS-
S+
quence during the acquisition phase of the
134 l enaert e t al .were four types of trials, differing in the number of
presented targets and distracters: Either one or
three target squares presented alone (T1D0 and
T3D0 trials, memory load of 1 or 3 items), or
accompanied by two distractors (T1D2 and T3D2
trials). Task difficulty can be seen as a direct
function of the number of targets and distracters
presented. Each trial started with the presentation
of an arrow cue for 500 ms indicating the half of the
screen that had to be attended during the subse-
quent memory display, followed by a fixation cross
presented for 1000 ms (Figure 3). After this, the
sample array (T1D0, T3D0, T1D2, or T3D2) was
shown for 150 ms. After a retention interval of
another 1000 ms, a single test stimulus (colored
square) was shown in the cued hemifield for a
maximum of 5000 ms, or was ended earlier at
button response of the participant. The next trial
started on average 2000 ms after button response.
measures
Index of Generalization
During all S+, S-, and GS trials of the generalization
task, participants were requested to indicate their
expectancy of the outcome on an 11-point scale
ranging from 0 to 10 (with 0 meaning “I am
absolutely sure no lightning bolt will follow”, and
10 meaning “I am absolutely sure a lightning bolt
will follow”). The scale was presented at the bottom
of the computer screen. Participants indicated their
expectancy by moving a red dot across the scale
using the left and right arrows, and confirmed their
chosen expectancy rating by hitting ENTER. There
was no time limit for this response.
Based on the outcome expectancy ratings during
test of generalization, we calculated the following








FIGURE 3 Example of a distracters-present trial (T1D2) for the
left hemifield during the visuospatial working memory task.sum of the expectancy ratings (or responses, r) of
the six GS stimuli was calculated, normalized for





where i = 0 refers to the response for S+ post-
acquisition and throughout generalization, and i =
1,...,6 to the responses for the six GSs. This index
provides information about the total amount of
generalization for each individual, with higher
scores representing more generalization.
The numerator in the equation can be seen as a
special case of area under the curve. This measure,
which is frequently used in endocrinological re-
search (e.g., to comprise information that is
contained in repeated cortisol measurements over
time) is calculated as the surface area under the
curve that displays response values for each
consecutive measurement (Fekedulegn et al.,
2007; Pruesnner et al., 2003). Using the trapezoid
formula, the surface area between every two
adjacent data points is calculated with the mea-
surements themselves (i.e., response strength) as
height (on the y-axis), and the distance between the
measurements as width (on the x-axis). Whereas the
time distance between measurements represents
width in endocrinological research, the x-axis
contains the different generalization stimuli that
differ in perceptual similarity in our case. To the
extent that the physical distance (i.e., similarity)
between the stimuli is held constant—which applies
to most generalization studies—width can be
omitted from the formula, leaving only the respec-
tive heights or response strengths to each of the
GSs, which are to be summed.2 In the present study,
physical distance between GSs was held constant by
using morphs between the S+ and the S- in six equal
steps (i.e., steps of 14.29% from the S+ to the S-).
Finally, this value is divided by the response to the
S+ to correct for individual differences in initial
response strength. This step is facultative, but
especially interesting when investigating generali-
zation. For instance, if two individuals respond 10
and 5 to the S+ respectively, and 10 and 5 to all GSs
respectively as well, these two response patterns
differ considerably, but not with respect to gener-
alization, which can be seen as being 100% for both
individuals. Hence, dividing the summed response2 If the physical distances between stimuli are not constant, or if
the perceived, psychological distance between stimuli is taken into
account (Shepard, 1958), this can be easily captured by incorpor-



























FIGURE 4 Mean outcome expectancy ratings for S+ and S-
(+SEM) throughout the acquisition phase (trial 1 – trial 12) of the
contingency learning task.
135general i zat ion and work ing memorystrengths for the GSs by the response strength to the
S+ results in the same GI value for both individuals.
Visual Working Memory Capacity and Filtering
Cost
During the test phase of each trial of the VSWM task,
participants were required to press a button with the
left index finger when the test stimulus shown at this
location had the same color as that in the previous
sample array, or press another button with the right
index finger when the color was different. The
behavioral measure derived from his task was an
estimate ofmemory capacity,K, which is calculated as
K ¼ S  H–Fð Þ= 1–Fð Þ;
in whichH is the hit rate, F is the false alarm rate and
S is the number of target items in the sample display
(Linden et al., 2003; Pashler, 1988; Vogel et al.,
2001). Higher values represent higher working
memory capacity. We assessed working memory
capacity in the absence (T1D0, T3D0) and presence
(T1D2, T3D2) of distracter stimuli, with K ranging
between 0 and 1 for the low target load trials (T1D0,
T1D2), and between 0 and 3 for the high target load
trials (T3D0, T3D2). Following Spronk et al. (2012),
we also calculated an indexC(K) for filtering cost on
memory capacity by subtracting K for trials with
irrelevant distracter items from K for trials without
distracter items. We calculated this index for the
high target load trials only, as these were most
taxing onworkingmemory. Formally, this isC(K) =
K(T3D0) – K(T3D2). This index captures the
efficiency to exclude irrelevant distracter items from
access to memory, with higher values representing a
higher cost (or loss in performance) on memory
capacity due to the distracters.
procedure
Participants were seated in front of the computer at
an eye-screen distance of approximately 57 cm. First,
the generalization task was administered, which
consisted of a pre-acquisition phase, an acquisition
phase, a post-acquisition test phase, and a general-
ization phase. Participants were informed that a
number of pictures would appear on the screen, and
that a drawing of a lightning bolt would sometimes
follow these pictures. They were instructed that the
goal of the task was to figure out which picture
would be followed by a lightning bolt. During
pre-acquisition, both the S+ and the S- were
presented three times, each without being followed
by the outcome. In the acquisition phase, the S+ and
the S- were presented 12 times each, with the S+
being followed by the outcome nine times (75%
reinforcement). In the post-acquisition test-phase, the
S+ and the S- were presented once without beingfollowed by the outcome. During the generalization
phase, three consecutive blocks of 10 trials were
presented. Each block consisted of two S+ trials, two
S- trials, and one trial for each of the six GSs. The
outcome was presented once in each block, after one
of the two S+ trials. This was done to prevent rapid
extinction during the test of generalization. Through-
out the experiment, trials were presented in semi-
random order, with the restriction of no more than
two consecutive trials of the same type. For analysis,
responses to the three generalization test blocks were
averaged to arrive at a single response measure for
each type of generalization stimulus, and the average
response to S+ post-acquisition and throughout
generalization was used to correct for individual
differences in response strength to S+.
In the subsequent VSWM task, participants were
informed that the goal was to remember the location
and colors of the squares in the cued hemifield, while
ignoring any rectangles within the sample array. A
total of 160 trialswere presented.Onhalf of the trials,
the target squares were accompanied by distracter
rectangles. At test, a change in color of the tested
target square occurred in 50% of all test trials.
Results
acquisition
Three participants (2 females, 1 male) did not show
the expected increase in S+ outcome expectancy
ratings during acquisition and were excluded from
further analyses, because acquisition is a prerequi-
site for subsequent testing of generalization. The
remaining 22 participants clearly acquired the
discrimination between S+ and S-, as evidenced
by higher outcome expectancy ratings to S+
(Mean = 8.1, SE = 0.5) compared with S-
(Mean = 0.5, SE = 0.3) by the end of acquisition,
relative to the last trial of pre-acquisition which
served as a ‘baseline’ rating (Mean S+ = 1.7, SE =
0.3, Mean S- = 2.4, SE = 0.4). Figure 4 shows the
136 l enaert e t al .S+ and S- ratings during the acquisition phase. A
repeated measures ANOVA with Stimulus (S+, S-)
and Time (pre-acquisition, post-acquisition) as
within-subject variables revealed a main effect of
Stimulus, F(1, 21) = 88.3, MSE = 3.0, p b 0.001,
partial η2 = 0.81, and of Time, F(1, 21) = 44.2,
MSE = 2.6, p b 0.001, partial η2 = 0.68), as well
as a Stimulus × Time interaction effect F(1, 21) =
130.4, MSE = 2.9, p b 0.001, partial η2 = 0.86.
Paired comparisons of the S+ and S- ratings showed
significantly higher ratings at baseline for the S-
relative to the S+, t(21) = 1.7, p = 0.018, but S+
ratings were markedly higher than S- ratings after
acquisition t(21) = −11.2, p b 0.001. Further,
comparative analysis revealed a significant increase
in outcome expectancy ratings for the S+ from
trial 1 to trial 12 of acquisition, F(11, 231) = 8.1,
MSE = 8.6, p b 0.001, partial η2 = 0.28, and a
significant decrease for the S-, F(11, 231) = 2.3,
MSE = 2.8, p = 0.011, partial η2 = 0.1.
generalization
Figure 5 presents the mean outcome expectancy
ratings (+SEM) for the S+, the six GSs and the S-.
Throughout the generalization phase, average
responding (+SEM) was 5.78 (0.55) to S+, 5.59
(0.73) to GS1, 4.09 (0.73) to GS2, 3.18 (0.80) to
GS3, 1.88 (0.50) to GS4, 1.20 (0.50) to GS5, 0.41
(0.26) to GS6, and 0.67 (0.32) to S-. Outcome
expectancies show a gradual decrease as the GSs
become increasingly dissimilar to the S+, suggesting
the presence of generalization. This was confirmed
in a repeated measures ANOVA with Stimulus (S+,
GS1, GS2, GS3, GS4, GS5, GS6, S-) as within-
subject variable, which revealed a main effect of
Stimulus F(7, 147) = 42.9, MSE = 2.3, p b 0.001,
partial η2 = 0.67. The calculation of our index of
generalization resulted in a mean value of 2.6

























FIGURE 5 Mean outcome expectancy ratings for S+, S-, and
the six GSs (+SEM) averaged over the three generalization test
blocks of the contingency learning task.visual working memory
Data were trimmed by excluding 1% fastest and 1%
slowest responses (Ratcliff, 1993). Mean memory
capacity (K) scores (+SEM) for the four different trial
types were: K(T1D0) = 0.77 (0.05); K(T1D2) =
0.70 (0.06); K(T3D0) = 2.07 (0.15); K(T3D2) =
1.31 (0.17). A repeated measures ANOVA with
memory capacity as the dependent variable, and
Target Load (T1, T3) and Distracters (D0, D2) as
within-subject factors revealed a main effect of
Target Load, F(1, 21) = 79.8, MSE = 0.25,
p b 0.001, partial η2 = 0.79, a main effect of
Distracters, F(1, 21) = 31.9, MSE = 0.12,
p b 0.001, partial η2 = 0.60, and a Target Load ×
Distracters interaction effect, F(1, 21) = 20.7,
MSE = 0.12, p b 0.001, partial η2 = 0.50. Subse-
quent analyses showed that the presence of distrac-
ters impaired memory capacity at low (T1D0 vs
T1D2: F[1, 21] = 4.9, MSE = 0.01, p = 0.038,
partial η2 = 0.19) and at high memory load (T3D0
vs T3D2: F[1, 21] = 27.4, MSE = 0.23, p b 0.001,
partial η2 = 0.57).
association between generalization
and working memory
Here, we will limit our focus to the high target load
trials for memory capacity K, K(T3D0), as well as
for filtering cost C(K), K(T3D0) – K(T3D2), as
these trials are most taxing on working memory.
First, to investigate whether generalization was
associated with working memory capacity, a
correlation analysis between our generalization
index GI and working memory capacity at high
memory load, K(T3D0), revealed no significant
association (p = 0.50).
Subsequently, we analyzed generalization as a
function of individual differences in the efficiency at
filtering out irrelevant items from access to working
memory (Spronk et al., 2012). Interestingly, we
found a significant correlation between C(K) and
our index of generalization, r = 0.53, p = 0.012,
such that increased generalization was associated
with a higher cost on working memory capacity due
to filtering of irrelevant distracter items. It is
noteworthy that the correlation between filtering
cost and the not-normalized GI (i.e., without
correction for responding to S+) gave a similar
result, r = 0.44, p = 0.043.
Finally, we investigated whether working mem-
ory filtering cost was also associated with discrim-
ination learning during acquisition. Accurate
discrimination learning also requires the compari-
son of similar events (S+ and S- presentations), and
the correct identification of the predictive relation-
ships between the S+, the S-, and the outcome, and
could therefore depend on working memory as
137general i zat ion and work ing memorywell. To investigate this possibility, we calculated an
index for acquisition (AI) as the difference between
the first and last acquisition trials, AI = CS + 1 −
CS + 12, and an index for discrimination (DI),DI =
[CS + 12 − CS − 12] − [CS + 1 − CS − 1]. We then
correlated the filter cost index C(K) with AI and
with DI. Neither correlation coefficients were
significant (pAI = 0.49, pDI = 0.52), which indicates
that filtering cost of working memory did not affect
discrimination learning during acquisition.
Discussion
In the present study, we investigated the relation-
ship between working memory capacity and
generalization. We found that individuals who
were less efficient at filtering out irrelevant infor-
mation from access to memory showed higher levels
of generalization. Further, we presented an index of
generalization that captures individual differences
in the extent of generalization in a single continuous
measure.
Importantly, generalization was not associated
with individual differences in working memory
capacity as such. Rather, it was associated with the
loss in working memory capacity caused by present-
ing irrelevant information. This filtering efficiency
may be central to generalization on the basis of prior
experience. To the extent that generalization is based
on a comparison between the current situation and
previous learning experiences, it is crucial to take into
account relevant information while ignoring irrele-
vant information. If a robbery victim is not able to
ignore stimuli in new situations that are similar to the
traumatic event but that possess no predictive
information on the likelihood of a novel victimiza-
tion (e.g., the color of the jacket the assailant was
wearing, or the fact that it was raining at the time of
the incident), generalization may become too exces-
sive. In posttraumatic stress disorder, for instance,
reexperiencing of the trauma is often triggered by
these neutral, seemingly irrelevant stimuli. Based on
the current findings, individual differences in the
ability to keep these irrelevant stimuli from access to
working memory may be associated with elevated
generalization. As both working memory impair-
ments (for a recent review, see Snyder, Miyake, &
Hankin, 2015) and elevated generalization (Lissek et
al., 2010; Lissek et al., 2014; Lissek&Grillon, 2012)
are known to be associated with different forms of
psychopathology, future research should focus on
the interplay between these factors in the develop-
ment of psychological complaints and disorders.
With respect to anxiety disorders specifically, our
findings may suggest that elevated levels of
generalization previously shown in individuals
with an anxiety disorder may be due to a limitedability to filter out information from working
memory. In this respect, research has revealed
attentional biases towards threat in anxiety disor-
ders, such as facilitated detection of threat signals or
difficulty in disengaging attention from threat
signals (Cisler & Koster, 2010). To the extent that
these attentional biases occupy working memory,
less resources may be available for accurate
discrimination between dangerous and safe stimuli
or situations, resulting in higher levels of general-
ization. For instance, Lissek and colleagues (2010)
showed that individuals suffering from panic
disorder showed higher levels of fear generaliza-
tion, relative to healthy individuals, to stimuli that
were perceptually similar to a stimulus that was
previously paired with an aversive outcome (i.c.,
electrocutaneous stimuli). A possible explanation
may be that biased attention towards the potential
occurrence of an aversive stimulus led to a loss in
working memory capacity, which in turn impaired
discrimination between the danger signal and
perceptually similar but innocuous stimuli. Note
that, although the aversive outcome does not
represent irrelevant information, it can function as
a distracter stimulus occupying cognitive resources
that are necessary for processing relevant informa-
tion that allows to discriminate between danger and
safety signals. Interestingly, previous research has
shown that the presentation of fear-related dis-
tracter stimuli impairs working memory in a visual
working memory task (Dolcos & McCarthy,
2006). To the extent that individuals suffering
from an anxiety disorder are more easily distracted
by emotional threat-related information, working
memory may be impaired, potentially resulting in
deficient discrimination and elevated generaliza-
tion. Of course, this hypothesis remains to be tested,
and caution is warranted when extending our
findings to anxiety disorders, as we did not assess
anxiety symptomatology or test clinically anxious
individuals in this study. Future research investi-
gating the relation between generalization and
working memory in individuals suffering from an
anxiety disorder is warranted, and could assess to
what extent threat-related attentional biases impair
working memory capacity.
Another area for future research concerns the
learning paradigm that is used. In the present study,
we used a contingency-learning procedure with
neutral stimuli and a relatively neutral outcome.
Although the main purpose of the present study was
to investigate working memory in relation to
generalization as a fundamental behavioral phenom-
enon, future studies could use a conditioning
procedure with a biologically aversive outcome
(such as an electric shock) to assess whether working
138 l enaert e t al .memory is differently related to generalization in
these learning procedures.
We found no relation between working memory
capacity or filtering efficiency and acquisition,
which also required the comparison of similar
events (S+ and S- presentations), and the correct
identification of the predictive relationships be-
tween the S+, the S-, and the outcome. However, it
is very likely that individual differences in working
memory had no effect on acquisition because this
phase was much easier and, hence, demanded less
working memory capacity relative to generaliza-
tion. The generalization task was more difficult for
at least two reasons: First, there was higher
perceptual similarity between the GSs than between
the S+ and the S-. Second, as the GSs contained
features of both the S+ and the S-, these stimuli
were inherently ambiguous.
Whereas this study investigated the relation
between working memory and generalization
from an individual differences perspective, future
studies could manipulate working memory capac-
ity, for instance by installing a secondary task load.
This would allow drawing more firm conclusions
on working memory as a cognitive process causally
involved in generalization. Further, another inter-
esting pathway for future research with potential
clinical implications is to train working memory
capacity, and investigate whether improvements in
working memory are associated with decreases in
generalization.
Further, we presented an index of generalization
that captures responding to different generalization
stimuli in a single continuous measure. Another
generalization index has recently been proposed by
Kaczkurkin and Lissek (2013). This index is said to
capture the amount of deviation from a linear
generalization gradient. In a number of studies, Lissek
and colleagues evidenced that individuals suffering
from clinical anxiety showed a linear decrease in
generalization, whereas healthy individuals showed a
steeper, more quadratic decrease in generalization
(Lissek et al., 2010; Lissek et al., 2014). Their index is
calculated by subtracting the mean response over all
GSs from themean response over the S+ and the S-. In
the case of fourGSs for instance, the formula is:Mean
(CS+ and CS−) − Mean (GS1, GS2, GS3, GS4).
However, Kaczkurkin and Lissek’s cannot capture
deviation from linearity under all circumstances.
Suppose that, if four GSs are presented, responding
is scored 10 to S+, 8 to GS1, 6 to GS2, 4 to GS3, 2 to
GS4, and 0 to S-. In this example, generalization is
perfectly linear and the resulting value of the
generalization index will be zero. Suppose now, that
responding to S+, the four GSs, and S- is, 10, 10, 10,
0, 0, 0 respectively. In this case, the resultinggeneralization value will be zero as well, although a
considerable deviation from linearity has occurred. In
that respect, the interpretation of the values of this
index is not straightforward, as it is not clear, for
instance, what a value of zero signifies. Finally, this
index is somewhat limited in its applicability to
generalization studies, because it can only be used for
paradigms where both a S+ and a S- are presented,
which is certainly not always the case (e.g., single
stimulus training; Honig & Urcuioli, 1981).
In contrast, the index we presented here has the
advantage of being applicable to all generalization
procedures on the one hand, and has a more
straightforward interpretation on the other hand,
with higher values indicating more generalization.
In summary, our index captures the total amount
(or ‘mass’ for lack of a better term) of responding to
the S+ that has generalized to the GSs. It does not,
however, provide information about the exact
shape or slope of the gradient. If one were interested
in individual differences in the shape or slope of the
gradient, only more recently, more complex statis-
tical analyzing strategies are being applied to the
field of generalization research that can provide
information on the shape of generalization by
estimating subject-specific slopes of the gradient
(i.e., multilevel analysis; Gazendam et al., 2014;
Vanbrabant et al., 2015).
In conclusion, in this study we found higher levels
of generalization in individuals who were less
efficient at filtering out irrelevant information from
access to working memory. Further, we provided an
index that captures the amount of generalization in a
single continuous measure. Thus, by providing new
insights in the cognitive factors associated with
generalization on the one hand, and by offering a
new tool to investigate generalization on the other
hand, we hope to inspire new research and new
research questions on the topic of generalization.
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